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‘ Some Multivariate ‘Conceptualizations .
} ;," / - . ) ' {

’ ~g%§§ *** in Nonverbal Research _
' = o ‘ s

The topic of nonverbal behaVior has become very popular

e
. during the past decade . Even though parwin and Freud pointed
out its significance over half a century’ aao, it hasgpot béen

' until fairly recently that it hasgattracted a SlOnlflCant amount
' A

‘of attention from either the lay public or soc1al scientists. -

.

Not only have popular treatments such as journalist Julius Fast's

.

Body L nauaqe “been published but also, for example, almost every

new social psychology textbook contains a sec¢tion discussing non-

verbal behavior;‘ It has become a major established research area
‘ ¥
in communication, soc1al psychology, clinical/counseling psychology,

Jand education

Unfortunately, due .to the subtleness, speed, and complexity
‘ - *a . 1" ‘ r .
of patterns involved 'in nonverbal communication, some difficult
* : t ! b g

methodolglical and statistical.issues must be surmounted. onée of

the characteristics of the previous researchefas in most of'the

» . . [y
social sc1ences) is its nomothetic, univariate approach . As

Secord (l976) has recently pOinted out, .stich an approach has his-.

‘tordcally resulted in accounting for a relatively trivial proportion

of the wvariance. Moreover, it is unlikelyffhat realkpeople respond

to each other‘s nonverbal'cues ih”such a manner. Occas;o ally,
. ; &

indiVidual differences are included in the research des1gn. As

' might be*expected, “the data indicates that there are very large

<Ly . . . - ! , . 3 ‘ ‘
individual différences with nqQnverbal ¥variables. Another obvious -
- -~ .' B

AR t L ~®

need is research of a sequential nature. - -Most of the studies

in nonverbal behav1or are of the "sngpshot" variety which capture

" only a° "slice“ of an ongOing behaVior stream Clearly, the
e " R . . .

o
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M sequential nature of soc1al interaction 1s lost with this approach

7

Recently, Bakeman and Dabbs (1976) have suggested a number of useful

F

-ways to examine seguential patterns,and,cycles utilizing transitional

-
-

probabilities . - T . ' g - .

»

An example of the utility of thisﬂapproach has been prov1ded

by Stokes in Bakeman and Dabbs (1976), - He studied ‘the’ conversa-

2 A |

x'tional patterns among 33 pairs of female-undergraduates. Each

- »

"dyad spent approximately'three minutss agreeing oh a topic and

»
’

three minutes_disagreeing(on another topic.k Obsefvers necorded'

the onset and offset of each subject (S looking at and talking w1th

her partner. A computef§ program transformed this information into

. i - T ;
a form which showed the state of talking and looking w1thin each -

pair at each half-second interval. . ‘ o S

and talking patterns that can bccua
/ ‘v

' Lo ¢

One analysis that he performei was exXamining .-the looking

within a subjezt: There are -

four mutually exclusive and exhaustive combination events of talking

and looking (look only, talk only, look and talk, neither)‘x

probabilitiesﬁ/ ) . . N . - e

Seﬁeral results are clear from an analysis of 'the trans1tional

7 ) . .

~ . -

Several points are suggested by Stokes' data. First,

subject¥ltended to look at their partners while listenlng R

"Look ¢nly" (.40) was more-likely than "neither" talk nor E 7

.,« Vg

look {.15), apparently indicating a pattefn of attentive*g ,

listening. Second, fubjects tended not to look while ;

talking. The Simple probability of "talk and look" (.53 \x

was less than would be predicted from the probabilitz of -
S . [

. e

. A . [P
looking (.65) times the probability of talking (.46), and

this was true £or 59 out of 66 ‘subjects (p <,.201 by,sﬁgn~f'h L
) \‘ A _‘.' A ‘ .

—~——
"l'

.
-~ ! ®

A

. . .. . v ~
- . . .
T U T L TP L




AN 3 '
test}. And third, subjects tended to look away before

speaking.. The “neither" state was sligntly less likely to

transition to "talk only" than to "look only" (514'versus

:18), bnt because "talk only" Qas’much_lees probabfe than

"look onlxﬁ (.21 yersus .40), the expected Yaiue of the
',traneition/to "talk-only" wa% lese‘and z-scores were higher

-

-~

for transitions to "talk only" tnan to "look only" for 51

. out of 66 subjects‘ﬂp < .001). This'indicates a dispro-,

portlonately high probabllltyﬂthat a person who is looklng
Y. 4 away silently will begin talking at the next moment.

The experimental conditions ofaagreement and disagreement
Y had geveral effects. For example, the probability'that
. /;;;63; only" would continue as an unbroken state.(transi—
' /. .

Pt ‘oning to itseif) was greater during disagreement than
/// durlng agreerient for 45 out of 66 subjects (p < .01)-" b'The

Ve .

tendency not to look whlle talking, as described in the pre-

L

Le

-

'ceding paragraph, was greater during disagreement; the
prepapility of "talk and iook"-fell fUrther below its
predlcted value durlng dlsagreement than durlng agreement -
for 48 out of 66 sub]ects (p < .001). .Thas, ‘the normal | }” .;,

_patterns of looking and talking appeatr .to\ have been
L N 4 . LY . . " . "
- :;g ,;exaggerated by disagreement, with listeners looking more v
and speakers looking less.- ' / y A o

:v The authors feel that a multiGariate conceptualization would .

: be potentlally helpful in furtherlng understanding of nonverbal

k
behav1or Multlyarlate conceptualization is deflned, for our:

[

‘purposes, 'as ‘the use of-more than two dependent variables and more
v . ) ’ . : {

than two iridependent variables, simultaneously, when analyzing "
S TR 1 ) 5 .. . ( \ oo
ERIC 2 7% . . , o




research._ The‘embhasis is being placed, not on the multivariate*
‘ ! " * N \\\4" .“" . ’\ “\ N ) - "A
statistigal technigue per se, but .rather on the "Yesearch question” -

- -

that requires looklng at sets of var1abies, s1multaneously, which

- Y

are needed to accurately reflect the conceptual oxn theoretlcal

construct. Forathe above reasons, mult1Var1ate technlques W1ll
)/ - ,

be discussed malnly in terms of what they conceptually measure,'

-

and problems wIth the1r 1nterpretat10ns.— o

, N ’ . . .
AL

- The folldwing will be a discussion bf Specificalry'choseh; {f’

multivariate stat1st1cs whlch‘MEre selected for their power and

. potential mls;nterpretatlons. The statlstlcar procedures that

)

Twill be‘outlined are: (1) Canonical Correlations,’ (2)_Dlscr1m;na1
, . e -
‘ . t » - -t

tive Analysis, (3) Path Analy51s, (4) Component Analysﬁs, (5)

Analysls of Covarlance and Multlple Regress1on Analys1s,'and (éf”‘

- A ";»7 £

-. Q Factor Analy51s. ) ' ' ' ,

-
L T

Canonlcal Correlation. Canonlcal Correlatlon %CR) 1s the

. . Y

B

general case of multlple linear regres51on.‘ One has a number of
‘crlterlon varlables be1ng predlcted hy a’number of 1ndependent
- o .
~var1ables. for example, the research?r maysgant to predIct smiling, .

/ ’ ‘ .
eye contact, and interpersonal distange (the crlterlal/py/afggzhaz.;

1 Of 1ndependent variables such as reported llklng, sex, and race,f;J s 2\

PN

, . - . LI ., - hd

When one thlnks about measurlng a. nonverbal dlsplay, 1E
. LoD . A\

generally 1nvolves more than one varlable (crlterla) Because~

. n
- ¢ -\‘»

’of thls,/C 'often has a qreat deal of 1ntu1t1ve appeal
/ !

-~ .
¢ . PR .

alldws onre to predict a multltude of crlterion varlables

- . . . . P .
51multaneodsly. Y A ‘ S -

7 -
h b ¥ 4 {'. Aoy .

However, there 1sda 51gn1f1cant problem w1th the 1nterpre-‘
3\ ‘o’ /' »a “ ’ :

tation of C . In its palculatlon, 1t "adjusts" the crlterlon

uR

o

~
¢ - N ,,0“

var1ables»1n sUch a;way that 1t‘makes them 1ndependent of each

'
Aruitoxt provided by Eic:
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. : . p . _d’”’. ‘ /1 . - 0 . , ~ .
: : R .'m' o5 - e
\ . ,f.'weﬂcv-«
| , other. Concegtually, thls me?ps that it subtracts the correlatlon
l .
) '
TP (Varlablllty overlap) between them. Thus, CR w1ll take out all :
'u:, . v N ‘V‘* *
. . the varlabrllty 1n smiling that.ls éommdn to‘eye contacu and [
L 1nterperional distance, and the varlable smlllng becomes smxllng
":,,“ :' » \_s .
¢}f.‘; Ehre is. the sm111ng that. is left over 5fter all the common._\
L e N . ey v -, Y . .
L varlabllaty 'with® eye-contact and 1nterPersona1 dlstance is ¢ ©
RO removed Ihe calcylation o_f'CR will then do ‘the same for.the .
o e . ; Y . A - oL
. eye contact. Therefore, this variable Ueco s ‘eye -contact, mhich !
e 1s '‘dll the Varlablllty due eye contact after the commom v rlablllty
) RSPt , N,

between smlllng, eye contact andlntergersonal dxstance is removed.,

s . . : l » s * * ’ )
ihe same procédure is" then followed for 1nterpersonal dlstance°,_}f

> "> R TN /\ ) .o *

where 1nterpersonal dlstance begomas lnterpersonal dlstance. e

:/4 ’

;A ;’ Thereﬁore, the crlterlon s conceptually made\wp of
R S “-"x‘w V. e " T
W probably not the'crfterlo#-variables that the i ,esﬁﬁgator thbught

o .."ﬁ T 5T, N - > ;

s SRR Ty N 2 W /&:, B o ..' e, "'*@l 4 . ; €
. } he waszmeasurlnq, e, 5 (- ", i ‘: , ;,ﬁ. o
RN R *, e ') e',,'

;g; . - <Mult1var1ate Analy51s of VarLaﬂEe FMANQVA)., In' .way very, ',
LN ‘( s A “ b N
A - 1\ . ’ _, 9’
s1mrlar to CR'

“J
s \ N
,',,‘ . >

-
.

MANOVA determlnes if- there 1s,a 51gn1f1cént ,; .-
I ,hdlfﬁerénce between two or more groups (treatments, etc:) 8n two,,’i“ N

) ?
s s e s R A .
s . M . - ”r N ; iy
' .

PN " or more dependent varlables 'sim ﬁltaneously, HoweVer,‘df one L ‘S

o ‘ - ’ wp '}’ -
" flnds 51gn;£1cance, one usually has to revertqto‘um&varSate ¥ b o

. S .l'e s f - .

KR tests to 1nterpret the results. Therefore, ghe apparent advantage . .

oléy .

° B '
‘\ - L

may not be as benef1c1al as 1t orfglnaliy seemed.f However, as

- e . ¥ - . <.

pointed out by Hummel and SllgO (197 ) u31ng MANOVA 1n,@0n1pnc;10n

B -~ NS

1se probablllt pz;amrd{ng* ",lo

’
A

.

wlth ANOVA controls for experlment

!
~ B - - =7 b . N
PIRN . LT > e . -
L4
H

- jff‘ There are a few‘further.comments that should be made about .

»
Lo N ‘f ; . ".’ fy e t el "). T f
i ' . N . - , . - Vaw? L, h K
< ., MANOVA R U o‘ AN . DR LN A A
- S T H N, . R . : ar '
* N A ~ ] - e
N

\
“
~
N
L. T S R R T .

. ',”“ 1. There~are a number/oﬁ/fests ofs1gﬁ&f;cahce. Three L
. o) - . e

oflthem are4:¥(a) w;lks Lambda-~Roy S La&gest root crlterlon, ' ] .

“Ta At aa o - o . )
s Ll . Y - . - i~ . < v . . ;
N T e " R . N AR » i 3 ”‘- *’::- N

N \)‘ . Lt v ) Ly ‘ N \ /\ \ . . - '2' - . o

" N ~ .0 . . >
FERIC. f.:72:80 - Do B SRLTANCTE o
R sl e sl
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"(b)> HotQ§lling's trace criterion, and (C) step down F procedure.

is important to realize that these three tests are not

-
3

t. Therefore,‘you may get slightl& different resg%ts

-

— N -

«
.

P

There should never be'femer dependent (eritérion) variables
thah‘th re afe groups (treatments). However, tRe more depgndent
variab s, the more difficult the resuits‘are to interpret.

".The total number of subjects should never be.iess than

Path Analys1s and Component Ana4y51s. Fregquently, a rﬁsearcher

o is 1nterested rQ 1n¥err1ng‘"cause" (explalnlng the effects) when
he was unable to utilize a "true experlmental" design. .In th1s
s1tuatlon, there ate two procedures Path Analysis and tomponent

Analys1s, the researcher may . f1nd helpful. The purpose of these

procedures is to help study the relationships between the 1nde—

. ' ]
pendent variables of integest and the. dependent variable. Thi's 1s

4

«. @done to fac111tate the explanatlon of the effects of the 1ndependent

" variable on the dependent variable.

.a. Path Analysis. This method aids one in studying thg7

.direct and indirect effects of independent variables on the

‘ : -
to keep in mind that Path Analysis cannot dlscover varlables that . :

are the "cause,“ but’ ratheﬁlj&t.ls ‘fused as a method to support-or

cdependenngarlables (the assumed causal effect). It is important |
|

H

[

. fail—to-support a theoretical causal model. ’ o ‘/J
It.is also: important to keep in'mrnd two points about Path; '
Anal}sis. bne is that there are important underlying assumptions [

that cannot be yiolatedb_such as, the relationships among the
- ' ) / . o )
variables are generally considere%ladditi}e;.linear, and most

e " . : o : . |
;' 5 . 8 7 | '




v importartly, *causal."  Two, different theoretical explanations

can be givenLequivalent support from the same Path Analysis sblu—

tion. All the Path Analys1s solution can say is that the rela-

°,

- tionship between he variables is not inconSistent w1th a specific

¢
9 N l.

theoretical position.. Thus, to utilize Path AnalySis apptopriately,

) 4

}t is necesSary/that~one must first have some thedretical model.

Unfortunately,‘this is oftentimes’not the case in nonverbal S

. “
- . . ‘ > L]

‘research. _ . o - % -t

-

* One Sf the undez}ying assumptions, as previously'noted3 is

that the independent‘Variables are orthogonal (not correlated). 3 ¢
ral ] -
&

This lS an absolutely necessaxy assumption for the. appropriate

-~

interpretation of ‘Path’ AnalySis

. . M
- i)

The path coefficients dre, .in reality, the' beta coefficients

.in a&regression equation. It has been well documented and widely

known that beta weights are only interpretable when the variables
are l#

dependent. Thus, if the variables ‘are not independent then
) oW, .. -
the beta weights (path coefficients)-are not interpretable That«v)

. Py - 3 .
' ' is, when multicolinearity exists ‘between independent vgyiabkes,

thé beta weights are—hiphlyiqnstabié and will fluctuwate greatly
. a . . '
between samples. ' o e : L.

PR

- ' S * .
When Path Analysis is used, the independent variables of

interdst are most frequently correlated (multicolinearity eXlStS)
Wolfe\41971) states_that iR most cases, bath AnalySis has been B A

found to have limited useiuinéss. It is our beiief that this

-

+ "limited usefulness” is a result oflthe violation of the assump-
. ; : . .

tion of orthogonality of the independent variables. If this is’

the{case, then multivariate procedures can be used to produce

" arthogonality ‘of the-independent variables.‘ This could be done




using such techniques: ag orthogonal -factor analysis, canonical
’ . . ' . " ‘. LD
correlation, component analysis, and part and partial correlation
- -~ ¢ N
o . \

to account for 'unique variance. It 4s Beliezed that ebtaining

orthogonality would increase the*usefulness and interpretabilitymw

[y

of Path .Analysis,.thereby aiding the researcher in understandlng

7

- the’ phegomena under lnvestlgatlon ¢ h

[y . +

< by Component Analysis., The folloWiﬁé discussion is based
]

,on a paper‘presented'byuNeWman and Newman'(l9753.

d

v

.

The Component Analysis procedure was.developed in the late. '

"60 s to aid researchers in explalnlng .and 1nterpret1ng the results
- 1‘* B . o .

of statisical analyses in which the predictor varlables are not

> * J
1ndependent (nonorthogonal). If,the varlables are interelated,

K . . . \ ) c
as are intelllgence, soc1o—economouc status, and race, it is-

»

.,

dlfflcult to accurately estlmate the relative’ 1mportance of each
.predlctor varlable to the criterion. Darllngton (l968), Mood
(1969, 1971)," MGNeil, fKelly, and McNeil—bi975), and Kerlinger

and Padhazur (1973). clearly delineate the various aspects of

- Y ’

"this problem

»
9

Component Analys1s (C ) isqa procedure which divides the pro-
) » . A Sy ’
Jportion of variance accounted for 1nto common and unique varlance

-

The unique variance (Uq) is the proportlon of variance attrlbuted

Y

) . . .. . \
to-a particular variable when'entered last in'thé regression equa-

.

A

“tion It 1s'what Bottenberg and Ward (1963) and McNeil® et al. 7

H

(1975) call the- proportlon of Varlance attributgd to a partlcular
"varlable, above and beyond the varlance accounted for by the other

v +

'1ndependent varlahles in the equation (analys1s of covarlance,_

.semipdrtial correlation). Therefore, the unlque variance accounted

" ? . e * -, " : ¢ . "
for is represented by a full model which containg-all the 1nde—

’ -

. 10 -




2 SN

«
“

_ the predictor variables dre represented except for the one(s) for

¢

pendent riables tested against a restricted model-in which all

-

whlch the unique varlance is" to be estlmated e

[ P -~ l

Common’ variance (Cv)‘may be)conceptuallyvthouéht of as the ~

degree the overlap of correlated variables which is predictive of the

criterion. It must be independent of unique and other ¢ommon
. . . a - ' .

" . variance. ,In an exampld with‘three*predictopevgriables, there

. one third order commonality variance [Cv

. sets of sécand order eommonality [c

are three sets'of'unigue variance [Uq(l), pq(z), Ug(é)], three

(1;2)" CV

——

(12/3)] .

.
- . . o *

[y

. The number of independent compébnents in a componeént analysis -

-

'procedure can he'détermined,by thé‘equai’on:

' N b - .
) . . 2N0_ l \” . . -
’ . ‘ .
0. N .

-~

where: N.= number of predictor variabdesvy . : ' >

3 . R

) ™ g , .- .
Thereforef'if one had four predicdtor variables, the number of
component$ would egqual: :
2ta =18
{ ~ ) .
Since there are four predictor variables, there will be four co@-
. . N .

»

. 3 . ' . ' ¢ H
ponents of pnique .variance (Uq), six components of second order
‘ y . . : . P
. ) : . - : ~ . . .
common variance, four components of third ordex common variance,

-~
N $ !

and one component of fourth order common variance. These com-

¢ .o

ponents are addltlve and when summed will equal the total proportlon ,

of variance acoounted for by the sz*of the full model.
When there are "four predictor Variables, there will be 15
I »- et
components One capieas1ly see the horrendous nunmber” of R2

»

* that hawe to be calculated for just four predlotor varlables 1h

- - Y 4 ;d
the full model. However, in u51ng multlple gﬁgre551on, the .,

anestlgator frequently has many more than four predictor varlables

-

- o - - -

w11 . . - .

1 LY

(1;3)" iz, pload

.
v
I
T T




1 1

Thereforeﬁ the humber of components cah ea&ily become imp;actical
. ~ . - ' \

\

to'handie.. This problem will Be discdssed'iater. For further-
‘details on how to calculate Component Analysis, see Mood (1969,
1971), Kerlinger (1973), and ‘Houston and Bolding (1975)
If one has a variety of nonorthogonal predictor variables and

X

a Variety of F- tests are used to determ;ne if any one or set of_‘f

-

3

these predictor Variables are Significant then one 4is Violating

- L4

the underlying assumption of independence. Therefore, the

probability associated with“the F-test is inappropriate.  That

is, one would actually find more signifNcant F's than is indicated
) ' ! ' - % *
by the probability associated with,that specific F:" Co onent

analysis divides the sum of variaggces into indepen¥ent’,partitions.
’ < ()

. - ‘ y ~
Therefore, the F of any of these partitions is‘'independent.

The following are some of‘the limitations one should be
» i M . ’
. yooeoo CL,
‘sensitive to when using component analysis:

< k)

oo ) ‘ . . 2
1. An integral part of component analysis is the concept of

L

"qu.. uq is operationally‘defined as: ) ) L .

-
.

variance accounted’ f’ by a 'variable when entered last °
Ain a multiple regression equation.
> kTherefore, the Uq‘depends upon and is affeated by the'variables
- N . .
that are already under investigation. Even though the Uq is inde-,
'pendent in the sét of variables for that sampLe, the variable is |

" not in3EPendent . . o <.

~ >

2. As the ndhber of predictor variables increases, the number.

|}

of coyponents generated increases rapidly So, if one has~a/large

'number of predictor'bariables, it may become impractical to calcu-

’

late'component'analggﬁs.
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3. As the number of predictor’ variables .increases,

of-higher order commonality components also'increases.

11

Just as it

’

2in' tradltlonal %nalys1s of var1ance, it 1s ‘also difficult to 1nter~

H

. pret’hlgher order tian th1rd ‘otder commonalltles., .
. & “
A 9 . .
N 4., In examlnlng some of the formull for calculatlhg the.

- s

)
N 8-

! -
>
. —

propomtlon of variance.

of the’ analysis. .

When this situation 1s encountered,

-

o

-
a

¢

’

+

«

-

-

.

-

o

-

5., With any non-manipulative research technique,

- *

commOnallty components, one becomes sens1t1ve to .the pos51billty '

H

: that some of the components can ea51ly accomnt for a negatlve

lt'

o~

becomes'very dlfflCult to 1nterpret or maKe' conceptual sense out

"causation"

¢ *

the number .

' T1is dlfflcult to 1nterpret higher order than .third order 1nteractlons

Y.

'cannot be assumed. - A causal relationship can only befassumed'in

¢

51tuatlons that have a true experlmental des1gn, 1.e:é/i,§££uaflon

o
£Y
-

.'in whléh the experlmenter has clear control of the.independent

l

. -
w?*“fme/surlng. Thls would produce a\more stable estlmateu

| EKC
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variable. Since one of the major purposes for calculatlng component

]
P N }Nl

analys1s ‘is to attggpt to 1mprove the explanatlon of ex post’ facto
pEe U0 -
research dESlgns, Ehls can lead one to mlstakenly belleve that the

‘

Uq accouﬁted for-by an 1ndependent Vaggﬁh%e with a ‘criterion is of

'..ha A o .
a causal nature. . 1 1~@“ -

. M
.
. S .

6. Mood (l97l) stated an 1mportant lirritation one should
i - ¢

74 . '°'

sconsider. The unigque varlance (Uq) accounted for by an lndepeydent'

varlable can change rad1cally from s1tuatlon to 51tuatlon.

. *

"the Ug: attrlbuted to a factpr that the varlable 1s a part~of is
B . M

POtﬂlt§§1Y to- change. Therefore, Mood;suggests that the varlables

should be grp ed based on the underlx’ﬂg concept they seem to be

3

grouping proce “will also have a side benef1t of redUClng the *

- N .
[ v ] °

. A )

: N 13 ) ’ . Caer LT
‘ . .
° ¢ R v
. , s . . .
.

@

However, )

‘This j N

’

E." T
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s . . . . . " ‘I‘
total number of predictor Gariables making the component analys{s

much mote manageable. ’Houever, if one ‘uses the procedure suggested/
by Mood, the weighting of each variable becomes a problem. Do the
fac{?rs account for the same 100% of the propo;tlon of variance

't ‘ accounted for when ®ach variable is used separately? If not,

Ny . come . , ) ) )
one is losing potentially signiﬁicantpinformatlon. ﬁ;nally, it

]

'is difficult to decide'which variables shouLd’go together Qulte
3 ‘“,»

. often, varitables that look as 1f they are measurlng the same

underlying conétruct are not. ) , .o

i ' ’ Eactor"multiple regression is a procedure that may circumvent
: . ,
 some of these probLems*(Massy, 19653 Duff Houston, &/Bloom, 1971;
Connett,.ﬂouston, & Shaw, 1972; Newman, 1972). It is a method
. that enablesﬁzne to eﬁpfrfcally determine the faggors with which

o - ! . : -0 .
the variables are associated. ' If one palcula{es-the factor scores

§ . - .
for each factor and<usés an orthogonal rotati®n such as Varimax,

B . '
Y s . i 4

LA " then by definitiorng e predictor set of variables will be

‘

orthogonal: Thus,'one can easily dete}mine,tne relative\iﬁportanée'

) of each Factor gy-examining:its beta weight. - . T
puff et al. (1971),found that[principle component factor

‘analysis-with Varimax‘rotationtand an eigén value—of one as a )

~
e,

factom.;utoff,produced empirically determined factors which were

- L9 * f " ‘
. “ A .

, very similar to the factors theY’subjecthely determined. These

subJectlve -factors were formed by selectrng subsets of thelr pre—

x

.~ diftor variables whlchaseemed o be Teasuring the same underlylng T
< ’ ’ .

constructs; (ThlS is s1m11ar to what was suggesteibby Mood 1971.)

4 o

The advantages of using empirically determined factgrs as pre-

.’

dictor. variables 4n a regression equation are di’pussed by. Connett
- SS1e ! ? : PR
‘ - r . £l

et al. (1972) and some limitations of "this procedure are discussed

’
A

A
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N,

by Newman (1972).

r .
‘.may ,be more ‘appropriate than component analysis where one is

£

s

[ 2 - - . .
- 'especially when the number of predictor variables is relativel

large, and:there iS'a minimum of 10 subjects /for every variable.
However, ii one is'interested in commonaiit
procedure'is not. appropriate . In th1s case, if there is:a large
number of var;ables and subjects, EE is, possible' to ‘use factor

. analysis. w1th obllque rotatlon ThlS procedure w1ll condense
the- larye number of~var1ables 1nto factors whlch can be used as

. . ~ A
a new set of pred1ctor varlab;es. Sirfce these factors may be

obllque (correlated), one may then wish to perform a component

-

analys1s whlch w1ll yleld estimates of the unlque and common
‘“ e
varlance attr1buted toethe‘factors- Obv1ously, the obllque solu-

-] ® ~

tions lack many of the desmrable character1st1cs which make the
. forthogonal solution easier to interpret. However, there are ‘times

. when a researcher may be interested in the common propdrtion of
N I l

» . v . t .
.variance attributeq to factors which are theorvetically and
) . - &
wj* . empirically related. ) ) i :
14 4 - ’ D N \

s Analysis of Covariance {ANCOV) ; : .

’
¢ -

ANCOV™is generaliy used_yhen‘the design cannot or did not
coritrol for a specific attribute such as subject eye contact,

\ . .talking, etc. Frequently, in nonberbal research, it is difficult

e
LN

is necessary.. Hence, ANOCOV may be useful to help take some o///

. .rthese‘factors into account. Investlga¢ors tend to use\ANCOV
o _ )

“a

-
- g
.

. * It is the authors' opinion that the factnr_rééression approach‘

. PR . » . ..
interested in determining the unique variance accounted for, -
5 &

¢ . Y
, the factor regression

N - . , » TR
if not_ 1mposs1ble to control, for example, all of the confederate's

nonverbal.responses. This is because some semblence of "naturalness"“
. . /’

~

-
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Y . R . . ‘ .
., - . . .

/

/
N : / ] ‘ . . " .
\~ to l'equalize" subjects (Groups, Treatments) on a specific attribute,

: fe * ¥ . .o P . ‘
| ’ i.e., ANCOV is used to "adjust" for the effects of initial differences.

There are. certain underlying assumptiohs (in addition to all

he assumptions of ANOVA) such as all subjects belng randomly a551?ned
~
////—- to treatments. However, one wants to use ANCOV most when 1t is not ’

,/p0551ble to randomly a551gn subjects to treatments The key assump—

;l
tion 1s homogenelty of the reg"e551on’slope ThlS s;mpLy means that

/4

there ;s no interaction between the covarlate and the 1ndependent

L. -
varlable(s) If there is 1nteractlon, one should not covary becauseir
theé results could be very mlsleadlng One should look at the ,\ -
interacgtion -instead (51mple effects). . L

- - - - —

- - -

- ' . ¢ ‘ . - : \’7
~~ Regression i A . '

With the increasing use of multiple linear regression, which
v . . : ‘
is unfamiliar and/or misunderstood by many, it is important to -,

‘
. . . -
9 > /

clarify the reasons why multiple linear regression is an appropriate’

and inimany cases,.a preferable procedure. This section will present
some of the genéral arguiments which can support the use of regtession.

' . . W, L L
‘The F-test, which is the analysis of varidnce, is a statistical
technique (a test of sighificance) and is calculated on the basis of

3 . 3

‘a least square solution. It has unfortuhately been confused with

o what'has beogmb known as traWitional one-way or fagtorial anaiysis
) . s °_'

of variance. The ‘traditional analysis®of variance approach tends

PRI 4 : ’ o C

to confound, in the researcher's thinking,.tée statistical proce-

.
" ~¥ B K * e

”,dures with the research q?sign However, if'Qne separaﬁes the two,

s
-

some of the advantages of the regre551on hypothesis testlng pro- . T

( cedures becogf more obvious. A few of these advantages are: ‘ . 472
a: Mnltiple Linear'Regression (MLR) is the general case of L
fhe ieast sum of squarespsolution.,-Chi‘%quares,it.and F tests f .
, 'are all calculated on.the basis of one lgast squares 'solution. . k‘ngmwg

. ¢ . . . . piiiliaeh

. . a . ;

ERIC - : 16 , A

. . .

o . : - : . ;
v s .
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b. A significant F\lin a faétorial‘desi@n is more difficult
to interpret. It may not yeflect vour specific hypothesis. With -

*

‘thehregfessionhproceduré, one states the hypothesis and then writes

*

. the regression model td Yest tbat hypothesis. Thus, every test ~

! N\
ypothesis. /. ‘

= ‘ /

/ s
traditional analys15 of varianceﬂ one cag only ask
. - .
interaction questions that ‘have categorical variables interacting
- . ' with categorigal variables. “With .regression, one can ask interac-
. « ' (SR i - v

‘tion questions between’ categorical ‘variables, between categorical

.

and continuous variables, ‘or betweeh continuzﬁs variables. Since - s

regreSSion can deal w1th both categorical an continuous variables,

4

it is more flexible in its ability to refle t actual ‘behavioral

€
v

processes. With regression, there is no need to categorize

[ Y (4 . . _ :\.\
variables that;are continuous in nature as; required by traditional . ﬁ; }
) o ?Q%
. L ) .
. ANOVA; therefore, one does not lose degrees of freedom or power .. ‘

© (McNeil, Kelly, MENeil, 1975; Kerlinger, /1973; Newman, 1976). .

e. All analyses of covariance procedures are, really regres-,

Q\Ji“ wt /
sien procedures\because the covariate(s) are always held constant

’ . o

A

by regressing ¥t on .the criterion.' The qpltiple linear regression
, E procedure makes’ the covariance proqedures easier to calculate

e

and interpret (Kerlinger, 1973)3M . .

f. Regression also facilitates the calculation and interpre-

. tation of trends (functional‘relaitonships).' Trends which are

v.

contiwuous in nature must be categorized when traditional analy51s

A A

Al

9 of -variance is used. Since egres31on can- deal with 5ontinuous

H

c ’ .

\ variabies, no artificial categories must be imposed.

RIS . R A

wll Toxt Provided by ERIC - wanr




5

.J

rules of thumb for validity estimates. Each situdtion must be

g.- The researcher, partZcularly the appgied'variety, must

often deal with unequal N'§/and nonorthogonal designs. When these
: v© . e
problems occur .and one is/ using traditional analyses of variance,

a correction is required. All of the corrections that produce the
exact solutions/are regression procedures (Newman, Deitchman, .

Burkholder, Sanderg¢, ‘Exrvin, 1976). 1In other words, if one haS‘

.

. . . . ’ . .
unequal N's, and Araditional analysis of variance is being used,
. . -

)

»“

regression will/ have to be used regardless of whether the researcher\

L

.is aware of:if or not. Onee again, regress10n is more fleXible.
2

» e K

.9 Qne of the problems Wlth multiple linear regress10n is that'

’

h}

mﬁltiple lfnear regreSSion‘hypotheses tgsting procedures may be
confused With non- hypotheSis testing onesland Wi%h stepiise regres—
sion. Most of the critical comm\*ts leveled, against regressidn

% .
are- for the non- hypgtheSisztesting procedures which tend to,prodqce

either inflated st and/or more sign%ficanoes by chance than the

stated alpha lezel. These spurious results’%end to be generalized

. -

even though théy, cannot be replicated. ~This probiem is less severe
Pal .

with the hypotheses testing regression- prqcedure, and basically

.
]

becomes nonconsequential when cross-validationcand multiple

correction procedures are employed. Unfortunately,.these pro-

.

. Y
2 (s < ’
ie .

1] .

cedures are rarely used.
c - + R P 2, .

Before a'research project is actually initiated, one %hould
L -~ -3

ask which and how many criterion are appropriate to the problem.

v

The researcher must also know whég reliability and Validity esti-

mates eXlSt for the criterion: and if the estimates meet minimum

-

requirements. A reliability estimate of .65 for group prediction
o b N ‘

‘and .. 85 flor individual prediction is a minimum: There are no easy

:
' ~

-

. - A . ~
. = o
o . -, - s .
. b B
- .
e :

/

.

L

p—




_examined separately.

“which were simply statistically significant as indicated by ANpPVA.

- In nonverbal research if a regres51on approach were
utilized, it would be much easier to des1gnate which nonverbal
cuesradd a significant amount of information in a particular si

ation. This wolld be preferable to the usual listing of cues

Q Factor Analysisf This technique, also known as profile|or

segmentation analysis, is perhaps one of the potentially most
fruitful with regard to nonverbal behavicr. It groups people o6n
. ’ 4 . .

the basis of the similarity of their responses.’ Prcfile similarity

.

' 0 ~ ‘ . i ‘o i
can be calculated on the basis of three types of informationt |

s, e

1evel,‘dispegsicn, and shape. If profile simiiarity Is calculated

- -
% . .. . : ' :

on ‘tMe basis of level, thls would indicate that the profiles are -

similarJQ?th regard to the mean score of the variables used in .the

*

profiles. 'If dispersion is'used to indicate profile .similarity,

‘this would indicate that the profiles are,similar in terms of tHe-

amount of scatter around the average level (similarity between

-

- R ~ '
standard deviatjons). The third method involyes‘analyzxnﬁ the

- -

'similarity of the shabe of the profile. The'shape is defined'by

el

the rank order of'scores for eacH varlable the 1nd1v1dual has on‘
- 4

the proflle .‘ 4‘

4

rnhe major problem with using levels as a means of indicating

¢

51m11ar1t1es in’ proflles is that two, people can be sald*to have

v,

s1m11ar proflles when their 1nd1v1dual scores over 4a set of vari-

-

ables ‘are totally dlfferent but because of averaglng, they have*;

~ -
“

mean scores that approximate each othe ," ) R

The'majgr weaknesses with the dispersion methca~of profile

- ] -

‘analysis are that the dispersioﬁ method ,does not give an ‘\ipdica-

q
4

v =
. -




Jmay be different.

- differences. However, if one were conceptually interested in, ‘ i

";%ﬁuld'probably be most appropriate if one were attempting_to detect

‘ ] , - L

/
. tion of level, and it is difficult to Interpret profile dispersion

. ‘ \ ,

for people because drsperSion depends- upon the correlation among .

the_profile variables.

.If high positive correlation exists among the variables,
‘ péople'in general will tend to have small dispersions.

- .ot - ‘ ’

< If the‘éorrerations among variables are low, the disper -

~, “

sion Wlll tend to be relatively large. If some of the/ -

correlations are pos1t1ve and others are negative, the
dispersion:will evep'be larger_(Nunnalfy, 1967, p. 374-. ’ b

w | | ] ,
The difficulty that:arises when one tries to calculate profile

s1milar1ty on the basis of shap% is that it is poss1ble that two

’

profiles can be identical and each 1ndiv1dual 3 absolute rating can

e
be. quite different ‘4 ‘This is true “as long as each individual has the

1

same rank order for the variables, since a perfect correlation will

>

exist if the rank orders are the same even though the absolute values

I4

The ﬁost desirable and accurate method for calculating profile

5

’
similarity would be to take all three types of information into
account s1multaneously This can be done by factor analyZing the
Cross- produc% matrix between the indiViduals on each variableé. How-

ever, this demands a large computer storage capaCity

In nonverbal research examining similar levels may be appro-

A

priate, for egample, if one were looking at potential subcultural

something like overall activity or reactiveness, probably disperSion

would be a more meaningful measufe. Finally, shape profile/anlaySis
. 4 '

/
!

20 _—
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Jpredlcted changes in the patternlng of nonverbal cues, for.example,
. : o 2 AN
in. deceptlon s1tuatlons

One of the malbr problems with Q- factor Analys1s is the argu-

ment that the proflles tend to be sample spec1f1c and“ ‘therefore,

cannot be generallzed to other samples or. to the- populatlon from

s
I

'whlch the sample comes . Th1s problem can be somewhat allev1ated

4

by cross valldatlng the proflles This requares obtalnlng two - A
1ndependent;samples and checklng to see if the samekprofiles repli—
"cate in each sample;-to th; extent that they do; there'is no}problem.

It is suggested that one only uses proflles that .are stable (stable o

-
¢

mean1ng the ablllty to be replicated).

; o
Anotﬁer frequently mentloned problem when us;ng profile analysis

L ]

1s that “the larger the sample, the more profllesltypologles) obtalned'

Rl

So,’the number of typologles is a function of sample slze .As a '
rule of thumb, very rarely w1ll‘there,be more than five or six‘ \
Co. typologies thatsare iikely\to beﬁrepligable.. Again, .it is recom-
. mended that ‘some type of cross-validation procedure ngyéed to
identify the most.stable profiles before using*and/or'interpreting
WL . ) - ‘
.. the reuslts. o )
| ,"' The thrust’bf this pape;.has been that the statistical
technlques should accurately reflect the research questlon of
;

;nterest No statistical technlque should be used mechanically.

(

A researcher should write the' statistical models most capable of

L4

'3 Ly

answerlnq thé research questlon JIE the "t@ue" research questron

x‘;‘- »

~fs concerned w1th predlctlng a varlefy of dependent variables

-

simultaneously, then no un1var1ate model 1s capable of reflectlng, o
thaﬁvresearch questlon. ¢ a unlvarlate technlque is used in

such cases, a Type VI €rror 1$_be1ng comnmitted. A Type VIﬁerror"'

N arf ! . \ . ‘
r ' :

o N




R A v 7 provided oy Eric

is the inConsistenoy between the resgarch éﬁéStion and the questiogn

v -
- ’ ‘

Sahders, & Egvin,‘l926).- * . . ) <. -

. » 3 ~ ..\ ) - ’ - i @ ’ . . :
as reflected py the statistical modeil (Newman , Deg%g:man,_Burkhp}dégj/ﬁ

- .
S
-~

" The aﬁtho:s'would like to reemphasize tHat they are sﬁggesting

'
N

multlvarlate’conceptuallzatlon and not neceskgglAy the use of multl-
A 3 . - - .

vquaté technlques. It is sUggested that each.researcher takes a

x

<
t .

c tlcal look at his research question of 1nterest;«be sure thgt
. », . > a

‘he knows what he is truly interested in ascertalnlng, and then

select,the statistical techn1que§ (models) that are’ capable of
‘o T ; Lo o v .

reflecting the ,"true" question of, interest.

-

’
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 The thrgst,of this paper hgs'been tHat‘the.statistigaI
. K:technlgues should accurately reflect the research qtestion'of
interest. ©No statistical technique should be=xused mecﬁaniéally. :

-
-

. . < ] . ) - P B s ‘
—~ ' A researcher shouyld write theﬁgtistical models I’no!c‘apable of’
. . . ? * N

. . . '. 4 - < .
answerings the research question. If the "true" research question~\Q

-

is concerned-with predicting a variety of dependernt variables

‘w L) M " - .
y simultaneously, then .no uniyvariate modep} is*eggeble of reflecting ‘
= that research question. - If a univariéte‘technique is used in
; <
*such cases, a Type VI error 1s being comnltted A Type VI error RN

N
T is the 1n<ons1stenc! betwéen the reseatch questlon and Lhe questlon

N
as reflected by the'statisti&ai model (Newmanh Deitchman, Burkholder,

- PR *" . *

» Sanders, & Erv1n,.1976) . . . - . )

. £

.The althors would like to reemph3s1ze thgt they ar@ suggestrnq R

‘e

multlvarlate conceptuallzatlon and not necesvarllv the use of multi~
” €

Fad { A
~

) ’varlate Lechnlques. _It is suggested that eacH’researcher takes a -

v

~ critical 1ooL atihfs research question of 1nterest' be sure that

b i

.
-~

he, knows what he is truly 1nterested 1n ascertalnlnc, and then

. select the statlstlcal technlques (models) that are caoable of }
~ . v

S reflecting the "true" questlon of 1nterest . Lm0
|




